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Abstract: Tropical forests hold significant amounts of carbon and play a critical role on Earth´s climate
system. To date, carbon dynamics over tropical forests have been poorly assessed, especially over
vast areas of the tropics that have been affected by some type of disturbance (e.g., selective logging,
understory fires, and fragmentation). Understanding the multi-temporal dynamics of carbon stocks
over human-modified tropical forests (HMTF) is crucial to close the carbon cycle balance in the
tropics. Here, we used multi-temporal and high-spatial resolution airborne LiDAR data to quantify
rates of carbon dynamics over a large patch of HMTF in eastern Amazon, Brazil. We described a
robust approach to monitor changes in aboveground forest carbon stocks between 2012 and 2018.
Our results showed that this particular HMTF lost 0.57 m·yr−1 in mean forest canopy height and 1.38
Mg·C·ha−1·yr−1 of forest carbon between 2012 and 2018. LiDAR-based estimates of Aboveground
Carbon Density (ACD) showed progressive loss through the years, from 77.9 Mg·C·ha−1 in 2012 to 53.1
Mg·C·ha−1 in 2018, thus a decrease of 31.8%. Rates of carbon stock changes were negative for all time
intervals analyzed, yielding average annual carbon loss rates of −1.34 Mg·C·ha−1·yr−1. This suggests
that this HMTF is acting more as a source of carbon than a sink, having great negative implications for
carbon emission scenarios in tropical forests. Although more studies of forest dynamics in HMTFs are
necessary to reduce the current remaining uncertainties in the carbon cycle, our results highlight the
persistent effects of carbon losses for the study area. HMTFs are likely to expand across the Amazon
in the near future. The resultant carbon source conditions, directly associated with disturbances, may
be essential when considering climate projections and carbon accounting methods.
Keywords: airborne LiDAR; Amazon forest; aboveground carbon; canopy height; forest disturbance
Remote Sens. 2020, 12, 430; doi:10.3390/rs12030430 www.mdpi.com/journal/remotesensing
Remote Sens. 2020, 12, 430 2 of 17
1. Introduction
Tropical forests play a significant role in the global carbon cycle [1] and biodiversity functioning
of our planet [2]. However, in the Brazilian Amazon, high levels of anthropogenic disturbances, such
as deforestation, fragmentation, logging, and fires, are changing the terrestrial carbon cycle of these
forests from sink to sources of carbon [3]. Furthermore, the ongoing exposure of tropical ecosystems to
anthropogenic disturbances has significant consequences to biodiversity [4]. Consequently, there are
substantial concerns about the future of tropical forests as a component of the global climate system.
The comprehension of the carbon dynamics, in response to human-modified tropical forests (HMTF),
defined here as a result from various types of human disturbance (e.g., selective logging, understory
fires, and fragmentation), is therefore one of the greatest challenges of the 21st century.
Forest degradation caused by anthropogenic activities can have a strong impact on the carbon
budget of tropical forest ecosystems [5]. The United Nations Framework Convention on Climate
Change (UNFCC) has added and specifically addressed the importance of carbon emissions derived
from forest degradation, considering mechanisms, such as Reducing Emissions from Deforestation
and Forest Degradation (REDD+), on national inventories of greenhouse gas emissions and removals.
While intact tropical forests appear to be a net carbon sink [6], inventory plot-based studies suggest
that HMTF contributes as a net source. For instance, in the Brazilian Amazon, approximately 40% of
the gross carbon emissions are associated with forest degradation of HMTF [4]. Forest degradation has
been reported in the literature as a significant contributor to carbon emissions [4,7–9]. However, it is
rarely accounted for in national and international emissions inventories. This is especially due to the
challenges associated with the monitoring of forest degradation and to the lack of an internationally
accepted definition that could build on a framework for an operational approach [10].
Persistent effects of forest degradation have been also mentioned in the literature, such as tree
mortality accelerated by human activities [11], diminished growth by stress due to droughts [12]
and recurrence of fires [13]. As a result, there is a great reduction in the healthy and conditions
of Amazonian forests [14]. Therefore, improving our understanding of HMTF carbon dynamics is
necessary in order to close the carbon cycle balance in the tropics.
Deforestation rates have declined in the past years, while forest degradation is still poorly
quantified [15,16]. Official estimates of forest degradation in the Brazilian Amazon indicate that the
total forest degradation almost doubled in area from 15,983 km2 in 2007 to 27,370 km2 in 2016 [17].
Recent results have shown that degraded forests contain 45% of the carbon stocks of intact forests [9].
The magnitude of carbon losses from forest degradation is large with impact on carbon stocks from
4%–22% (selective logging) and 60%–65% (fires) when compared with intact forests [8]. A study in the
central Amazon, comparing logged and burned forests, suggests that forest degradation can reduce the
aboveground biomass by approximately 55% [9]. However, the mechanism that underlies the processes
of forest recovery and mortality and their carbon budget is still largely unknown for HMTFs [9,18].
The process of characterization and detection of degradation of HMTF is primarily visible through
changes in forest structure, reducing canopy layers from structurally diverse to degraded, single or few
story systems. The major challenge in quantifying forest degradation is the lack of measurements of
vegetation structure over time. Although several studies of HMTF are currently based on traditional
forest inventory methods (Silva et al., 2016), small field plots fail to quantify the impact of disturbance
and mortality on forest structure and carbon dynamics and the spatial variability that exists over larger
regions (Clark and Clark, 2000). Remote sensing, particularly from small-footprint (<1 m) airborne
laser scanning (ALS), can quantify forest structure at the scale at which forest dynamics occur. The
recent availability of multi-temporal and high-spatial resolution airborne Light Detection and Ranging
(LiDAR) data over the Amazon provides an excellent opportunity to assess forest degradation [19,20].
Airborne LiDAR data collected over time serve as a tool to understand the variability of carbon
stocks and the dynamics over larger regions [21]. LiDAR allows the direct measurements of the
three-dimensional distribution of vertical vegetation elements from ground-based [22], airborne [23],
and spaceborne platforms [24].
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Natural regrowth through secondary succession, i.e., the regrowth after nearly complete removal
of forest cover for agricultural use [25], is of paramount importance for disturbed areas to recover.
Vegetation regrowth is an important factor of the resilience of tropical forests [26]. The rapid rate
of carbon sequestration through regeneration can reach up to 11 times the carbon uptake rate of
old-growth forests [27]. Pristine tropical forests are well known to be a sink of atmospheric CO2 [28].
However, forest degradation can potentially affect the role of these forests leading to great losses of
biomass carbon. Regardless of the decline of Amazon deforestation in recent years [15,29], forest
degradation continues leading to biomass carbon losses [8,9]. This is particularly important in the
tropics, where high plant productivity sustains one of the largest remaining terrestrial carbon pools of
the planet [30,31].
The anthropogenic pressures and climatic changes have led to substantial concerns about the
future of tropical forests as a component of the global climate system [32,33]. In addition, more
frequently occurring, large-scale climatic extreme events further highlight concerns for the Amazon
region [12]. These events cause not only forest degradation through tree mortality [34], but also
constrain regional rainfall, increasing the vulnerability of forests to fire [13].
Recent studies have shown an increase in tree mortality in the tropics [35], which leads to several
concerns when considering their role in the global carbon cycle [36]. The drivers and mechanisms
that lead to tree mortality increase in the tropics are currently unknown. A better understanding of
the trajectories of the carbon cycle in HMTFs is urgently needed to improve their representation in
global carbon models, reduce climate model uncertainties, and increase the accuracy of predictions
of vegetation changes under future climate scenarios. In addition, this knowledge will help to
overcome the large uncertainties inherent in carbon-climate feedbacks [37]. It directly contributes to the
improvement of the carbon balance over degraded areas in the tropics, assisting in carbon accounting
under the United Nations mechanisms for REDD+ [9].
The overarching goal of this study was to quantify carbon dynamics in a HMTF using repeated
airborne LiDAR data. Specifically, we aimed to (1) quantify the rates of forest growth and mortality
given by carbon gains and losses; (2) determine whether the studied HMTF is acting much more as
a carbon source or sink; and (3) assess the effects of sampling time intervals on measurements of
LiDAR-based carbon dynamics. To do this, we studied a large fragment of HMTF (670 ha or 6.7 km2)
located in the eastern Brazilian Amazon. We quantified the changes in forest structure during a 6-year
period using four repeated airborne LiDAR acquisitions.
2. Materials and Methods
2.1. Study Area
The study area is located close to the limits of the Brazilian Tapajos National Forest, in the
state of Pará, near the municipalities of Belterra and Santarém (Figure 1). The native vegetation is
mainly composed of dense ombrophilous forest [38]. The region outside the park has been extensively
disturbed over the years [39], including patches of secondary succession [40]. Selective logging and
fires are generally observed in the study area. However, large patches of HMTFs remain in the region.
The climate is tropical AmW (monsoon type with short dry season) in the Köppen classification. The
duration of the dry season, defined as months with rainfall less than 100 mm or less than one third of
precipitation range, is five months from July to November [41]. The mean annual temperature is 26 ◦C.
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modified tropical forest (HMTF). Below the inset, a sample of a three-dimension image of the CHM 
is shown. 
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allowed for the quantification of changes in height and carbon stocks at large scale, related to 
processes of tree growth and mortality. The overlap of the flightlines was between 65% and 70% with 
a field-of-view ranging from 11° to 15°. The average laser point density, expressed by the number of 
laser returns in points per m2 (ppm2), was between 27 and 38.9 ppm2. ALS data were acquired by a 
Brazilian ALS company (GEOID Ltd) using an Altm3100/Optech laser sensor. The data were 
provided by United States Agency for International Development (USAID) and the Empresa Brasileira 
de Pesquisa Agropecuária (Embrapa) through the Sustainable Landscapes project 
(http://mapas.cnpm.embrapa.br/paisagenssustentaveis/). 
LiDAR point cloud data were processed using LASTools version 160.905 [42] and the FUSION 
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Figure 1. Location of the study area in the Pará state, Brazil and the multi-temporal Light Detection and
Ranging (LiDAR) flights (left). The inset presents a zoom on the Canopy Height Model (CHM) for 2018,
showing the distribution and spatial variation in terms of canopy height across the human-modified
tropical forest (HMTF). Below the inset, a sample of a three-dimension image of the CHM is shown.
2.2. Airborne LiDAR Data Acquisition and Processing
We used repeated airborne LiDAR acquisitions from 2012 (30 July 2012 and 04 September 2012),
2013 (10 September 2013), 2016 (22 March 2016 and 23 March 2016), and 2018 (14 October 2018) to quantify
forest structure (e.g., canopy height), carbon stocks, and related temporal changes (forest dynamics).
The LiDAR campaigns were performed from a maximum flight altitude of 800 m. The acquisitions
covered approximately 670 ha. The multi-temporal information on forest structure allowed for the
quantification of changes in height and carbon stocks at large scale, related to processes of tree growth
and mortality. The overlap of the flightlines was between 65% and 70% with a field-of-view ranging
from 11◦ to 15◦. The average laser point density, expressed by the number of laser returns in points per
m2 (ppm2), was between 27 and 38.9 ppm2. ALS data were acquired by a Brazilian ALS company
(GEOID Ltd) using an Altm3100/Optech laser sensor. The data were provided by United States Agency
for International Development (USAID) and the Empresa Brasileira de Pesquisa Agropecuária (Embrapa)
through the Sustainable Landscapes project (http://mapas.cnpm.embrapa.br/paisagenssustentaveis/).
LiDAR point cloud data were processed using LASTools version 160.905 [42] and the FUSION
software [43]. Canopy Height Models (CHMs) for each flightline were built by subtracting the Digital
Terrain Model (DTM) from the Digital Surface Model (DSM) at 1-m resolution using the R programming
language [44]. For each year, ALS data were used as an input to the parametric Aboveground Carbon
Density (ACD) model to estimate carbon stocks (Longo et al. 2016). The ACD model is based on the
mean top of canopy height (CHM), producing ACD estimates (Mg·C·ha−1) of live trees in a minimum
size area of 0.25 ha. The model excludes standing dead trees, which allows the comparison with
pan-tropical maps [8]. As the LiDAR-derived allometric equation requires only the CHM, it allows
us to directly understand the relation between forest height and carbon stocks. In order to use the
CHM as an input to the model, all the CHMs were resampled to 0.25 ha grid size to match the spatial
resolution of the model. ACD was calculated by Equation (1):
a = b(c) × de( f ) (1)
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where a represents the Aboveground Carbon Density (ACD) estimated from the Canopy Height Model
(CHM), b = 0.025, and d = CHM. Values in parentheses, c = 0.007, e = 1.99, and f = 0.08, are the
standard errors for each coefficient, obtained from 1000 bootstrap iterations. Detailed information on
the uncertainties of the model was described by [8]. We selected this ACD model due to its simplicity
and feasible replication in other studies. Furthermore, it was developed to allow inter-comparison with
other regional carbon maps [8]. In addition, to describe the randomness and uncertainty of the data,
we randomly selected 1000 samples across our multi-temporal LiDAR data and evaluated whether the
measure of the uncertainty was produced by random effects.
2.3. Forest Canopy Mask
The HMTF is a heterogeneous landscape covered by pristine forests, logged and burned forests,
as well as open areas of deforestation and pastures. To quantify changes only over forest-covered
areas, we applied a CHM threshold over each LiDAR dataset to consider only trees above 5 m in the
data analysis. Therefore, this strategy removed pasture and deforested areas from the analysis, but
included natural disturbances of tree-fall gaps, branch-fall, and tree mortality. These disturbances are
responsible for carbon emissions in forests [45].
2.4. Changes in Carbon Stocks and Height
As tree growth and tree mortality are related to the increase and decrease of forest canopy height
(CHM), we investigated the relationship between changes in forest canopy heights (∆CHM) that likely
lead to changes in aboveground carbon stocks (∆ACD).
Following the guidelines by the IPCC [46], we used the stock-difference method (SDM), where
changes in carbon stock (∆Carbon) are the difference between carbon stocks for a given forest area
estimated at two time points (Equation (2)):
∆Carbon =
Carbont1 −Carbont2
t2− t1 (2)
where ∆Carbon is the annual change in carbon stocks in biomass (Mg·C·ha−1·yr−1), Carbont1 is the
carbon stock at time 1 (Mg·C·ha−1), and Carbont2 is the carbon stock at time 2 (Mg·C·ha−1).
We followed the same procedure to assess ∆CHM, where ∆CHM (m·y−1) is the change of CHM
(m) for each period between CHMt1 (m·y−1) and CHMt2 (m·y−1). This approach was applied to all
LiDAR datasets, fixing a base year to make the time differences through time consistent. We also
considered a specific time window between two periods. Therefore, the month of data collection was
also taken into account for the calculations. For instance, LiDAR data from 2012 to 2016 did not have
exactly a 4-year interval, but, 3 years and 8 months. The calculations used this specific time window
to avoid any under or over estimation of canopy height and carbon stocks. In order to simplify the
presentation of the results, we used as a proxy three different time intervals: 1 year (2013–2012), 4 years
(2016–2012), and 6 years (2018–2012). After the normalization of the results by the time, we evaluated
the dynamics and annual changes in canopy height and carbon stocks in the HMTF. We assumed that
differences in data acquisition should not have a significant effect on the measured height due to the
low variability of leaf area index (LAI) in the studied HMTF [31] and to the high pulse density of
LiDAR (>30 points per sq. meter). We also tested how changes in canopy height can lead to changes in
carbon stocks using a linear regression model of losses and recovery trajectories of ACD and canopy
structure through time.
On one hand, forest recovery is usually associated with an increase of forest canopy height and
carbon gains. On the other hand, forest degradation is related to the decrease of forest height and
carbon losses. Therefore, to have a better understanding of the processes related to forest recovery and
disturbances in the HMTF, we separated changes related to forest recovery (CHM and ACD gains) and
disturbances (CHM and ACD losses) for each time interval. We also evaluated the values of net for
carbon and height to determine if the HMTF has been acting as a source or sink of carbon. Finally, to
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observe how vertical structural changes could affect the annual carbon dynamics over the HMTF, we
stratified the canopy height from the CHM and calculated the mean carbon change per class of height
change. This allowed us to evaluate which stratum of the CHM had the largest influence on carbon
forest dynamics.
3. Results
The LiDAR acquisitions (2012, 2013, 2016, and 2018) are described in terms of vertical distribution
of canopy height in Figure 2. Multi-temporal differences in forest structure (given by the CHM) and
ACD can be observed throughout the years. Mean canopy height showed a slight increase from 2012
(18 ± 8.1 m) to 2013 (19.1 ± 8 m) and 2016 (19.4 ± 7.8 m), and decreased again in 2018 (18.1 ± 8.6 m).
The vertical distribution of CHM showed a clear reduction for 2018 in the height classes between 7
and 22 m. The reduction of the vertical canopy elements is also reflected in the ACD. LiDAR-based
estimates of ACD showed progressive loss in the studied period from 77.9 Mg·C·ha−1 in 2012 to 53.1
Mg·C·ha−1 in 2018, thus generating a decrease of 31.8% (Figure 2).
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Figure 2. Vertical distribution of canopy elements derived from LiDAR CHM for (a) 2012, (b) 2013,
(c) 2016, and (d) 2018. ean canopy height and standard deviation are shown for each year, as well as
the Aboveground Carbon Density (ACD).
We found a strong ulti-temporal co relation betw en changes in forest structure and carbon
dynamics (Figure 3a). As expected, changes in forest height (∆CHM) were strongly co related with
changes in carbon (∆ACD) for all time intervals. Th coefficient of determination (R2) values for
one (2 2–2013), four (2012–2016), and six ( 012–2018) years of intervals were 0.85, 0.75, and 0.90,
respectively (Figure 3b). The relative standard e ror (RSE) values were 0.92 m (2012–2013), 0.51 m
(2012–2016), and 0.34 m (2012–2018). The a sociated uncertainty of these relationships is given by
randomly selected pixels across all the years nalyzed. We found a fairly strong relationship, with
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R2 = 0.87 and RSE = 0.55. Slope and intercept coefficients also presented values different from zero
(p < 0.0001).
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To illustrate some process of forest dynamics (related to tree mortality, branches losses,
growth/regrowth), represented here as structural changes in the canopy height over the HMTF,
we showed the spatial variation of CHM at 1 m spatial resolution for each year (Figure 4a). We also
presented the multi-temporal approach that was used to calculate the changes between the periods
(2012–2013, 2012–2016, and 2012–2018) (Figure 4b). The values in Figure 4 a e absolute values, not
normalized by the period of analysis. The images are shown with the resolution of 1 × 1 m, making
them not directly comparable with Figure 3. From inspection of Figure 4b, we observed that losses of
larger canopies within the HMTF limits could be great contributors for carbon dynamics.
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(6.1 ha) within the limits of the HMTF. The CHM image for all the years is presented in (a). The forest
dynamics, described by changes in CHM using 2012 as a base year, is shown in (b). Notable differences
are expressed in (b), especially for the apparent loss of large canopies between 2012 and 2018.
Table 1 shows a summary of all the estimated gains and losses in carbon st anopy height
for the three time intervals with a fixed reference year (2012). It also provides the percentage areas for
gains and losses in the HMTF. The last two columns show the net height and net carbon differences per
interval. For the intervals of 1 and 6 years, we observed losses in the CHM of −1.72 ± 2.3 and −1.24 ±
1.1 m·yr−1, respectively. For the same periods, the ACD losses were −5.28 and −3.04 Mg·C·ha−1·yr−1.
The average of net height for the thre time intervals of LiDAR data indicated that this particular
HMTF lost 0.57 m·yr−1 in mean fore t canopy height and 1.38 Mg·C·ha−1·y −1 in forest carbon between
2012 and 2018, which also reflected the reduction of forest cover over time.
Table 1. Comparison of the estimated gain and losses in carbon and tree height for all the time intervals
analyzed. Percentage of areas of gain and loss are provided. Net height and net carbon are also
presente for each period.
Period (Years) Area (%) CHM Gain
(m·yr−1)
Carbon Gain
(Mg·C·ha·yr−1) Area (%)
CHM Loss
(m·yr−1)
Carbon Loss
(Mg·C·ha·yr−1)
Net Height
(m·yr−1)
Net Carbon
(Mg·C·ha·yr−1)
1 year (2012–2013) 56.3 1.22 ± 1.3 4.07 43.6 −1.72 ± 2.3 −5.28 −0.50 −1.20
4 years (2012–2016) 56.8 0.52 ± 0.4 1.47 43.1 −0.97 ± 1.2 −2.40 −0.45 −0.83
6 years (2012–2018) 47.9 0.47 ± 0.3 1.04 52.0 −1.24 ± 1.1 −3.04 −0.77 −2.00
Averag Net −0.57 −1.34
Figure 5 shows the distribution of changes in height (a) and carbon (b) for different time intervals.
Each interval is represented by a different color. Variations in height (∆CHM) and carbon (∆ACD)
changes were observed b tween the diff rent studi d intervals. Results showed a significant effect on
the balance of ∆CHM and ∆ACD. Long intervals between ALS data analysis (4 and 6 years) reduced the
variability of the probability distribution function (PDF) of ∆CHM (Figure 5a) and ∆ACD (Figure 5b).
For short intervals of analyses (1 year), the range of the PDF of ∆CHM and ∆ACD was larger. The
ranges (minimum and maximum) of ∆CHM for 4 and 6 years (long intervals) and for 1 year (short
interval) were ±12 and ±8 m·yr−1, respectively (Figure 5a). The ranges (minimum and maximum) of
∆ACD for long and short intervals were approximately ±50 and ±100 Mg·C·ha−1·yr−1, respectively
(Figure 5b).
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Considering ll the time intervals between the LiDAR surveys (1, 4, and 6 year ), we found that
the largest carbon l sses were associated with trees having ≈21 m height. These forest canopy locations
lost on average 0–5 m of their total height considering all years of analysis. This represents a mean
carbon loss of 8.92 Mg·ha−1·yr−1 covering about 45% of the HMTF (Figure 6).
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Figure 6. Average changes in aboveground forest carbon stocks within classes of height changes
between years for all the LiDAR data intervals. These changes in height indicate how many meters any
tree canopy area gained or lost on average during the period analyzed. It also shows the mean canopy
height (value below and above the red and green bars, respectively) that have undergone some change
in the canopy (in terms of gain and loss). In this way, we detected, on average, the height of the trees
that were more severely affected by losses. The grey bars represent the frequency in which we found
the results, measured by the number of pixels.
Forest canopy areas of average height of 28 m in 2012 lost 10–15 m in height over the years of
observation. These areas also accounted for the highest carbon loss (99.68 Mg·ha−1·yr−1). However,
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the frequency of this occurrence was not significant, observed only for 0.02% of the HMTF area. For
the tallest trees (40 m), we found a reduction in height between 20 and 25 m considering all the time
intervals. Despite the high carbon losses from these tallest trees, the frequency of affected pixels was
very low, reaching less than 1% of the HMTF fragment. The growth of trees (indicate here as gain)
followed a similar pattern. The majority of trees that gained up to 5 m in height were ≈18 m tall in
2012 and represented 51.32% of the HMTF. Their contribution to carbon sequestration was on average
36.38 Mg·ha−1·yr−1. For the 17-m tall trees, our results showed that these trees have gained between 5
and 10 m when considering all the LiDAR time intervals. However, the frequency of pixels in this class
was only 0.4% across the HMTF.
4. Discussion
4.1. Forest Dynamics of Tree Heights and Carbon
The time-series approach used here with small-footprint ALS data allowed the determination
of annual rates of gains and losses in carbon stocks and the assessment of the forest dynamics in the
HMTF. We separated the increase and decrease of the forest canopy (e.g., tree height), likely related to
processes of tree growth and mortality. This allowed us to estimate carbon sources and sinks of this
HMTF, considering large scales patches of forest (≈670 ha). It also highlighted the importance of tree
canopy height over large areas for forest monitoring and carbon accounting.
Tropical forests play an important role in the global carbon cycle. They can act with a neutral
contribution to the global carbon budget due to the interaction between intact and secondary forests, which
can take as much carbon as is released through deforestation and degradation [47]. Although several
studies of forest succession based on chronosequence statistics of forest carbon-age allometry [25,27]
suggested that undisturbed and secondary forests have been accumulating carbon, we found that the
reduction of pristine tropical forests and the increase of HMTF could have a great influence on the
carbon cycle in the tropical environment. For all time intervals under analysis, our results showed that
the rates of carbon stock changes were all negative, yielding average annual carbon loss rates of −1.34
Mg·C·ha−1·yr−1. Thus, they indicate that this HMTF is acting more as a source of carbon than a sink.
Expansion of degraded forests are likely to occur in the Amazon forest in the future due to land cover
and land use change and extreme climatic events [12]. The increase of HMTF areas across the Amazon
will be critical for climate change mitigation efforts, conservation, and policy efforts mainly focused on
deforestation alone.
Our results showed that annual growth rates (CHM gain) were on average 0.73 m·yr−1 (mean
annual gain considering all time intervals, values derived from Table 1). However, increases (gains)
and decreases (losses) of tree canopy height suggest that the balance of ∆CHM is small and negative,
ranging from −0.50 to −0.77 m·yr−1 (Table 1). Tree mortality processes have been found to lead to
changes in forest composition, structure, and function [48–50]. Moreover, human-induced disturbances
(e.g., selective logging, fires, or forest fragmentation) can affect the overall dynamics of tropical forests
(Fisher et al., 2016). As forest disturbances and recovery are usually associated with the increase and
decrease of tree canopy height, we investigated the CHM derived from the ALS data as an indicator of
the annual aboveground carbon gains and losses of the HMTF.
Our results indicated that changes in tree canopy height were strongly associated with changes
in carbon stocks (Figure 3), regardless of the studied time interval. We also found a low uncertainty
(RSE) for large time intervals (2012 to 2018) in comparison with short intervals (2012 to 2013). Close
inspection of the multi-temporal LiDAR data suggests that the mortality of large individual trees may
exert a large influence on the carbon balance for this HMTF (Figure 4). While we acknowledge that
LiDAR alone may not be sufficient to constrain small changes or all functions of carbon allocation
within a forest system, including understory forest carbon stocks and changes in allocation strategy
into belowground biomass to grow root system, the focus of our study was to analyze the dynamics of
aboveground carbon and height. The multi-temporal approach used here brings new perspectives to
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evaluate forest dynamics, focusing on aboveground carbon stocks covering a large area of HMTF. The
approach allows us to observe landscape-scale processes, something that has been challenging using
plot-based data alone.
4.2. Effects of the Time Intervals of LiDAR Surveys on Forest Dynamics
The significant variations in ∆CHM and ∆ACD found here are likely related to the time intervals
between the ALS surveys. Overall, we observed a prevalence of negative values indicating height
and carbon losses in the data. When considering areas that have changes in terms of gain and loss,
we found that areas that have gained carbon were higher than areas of losses for the time intervals
analyzed. Nevertheless, the overall amounts of changes in tree height and carbon were all negative
(Figure 4, Table 1).
Long sampling intervals (e.g., 6 years) can easily have missed tree fall gaps and other
disturbances [51] related to forest mortality, while short sampling intervals can overlook the important
contribution of forest regeneration on the carbon dynamics. While there is a growing body of literature
arguing that tropical forests are changing [34,37,52], with findings suggesting gains in aboveground
biomass [53] and faster tree turnover [54,55], the causes of these increases are widely being debated [47].
Some studies suggest that the causes may be related with methodological problems, including sampling
biases, amount, and locations of permanent plots and the heterogeneous intervals between repeated
plot measurements [56–59].
This ‘sampling effect’ was reflected in our results, for instance, when evaluating the R2 of the
different intervals (Figure 3a). They did not present a stable pattern between periods. This fact indicates
that the window of analysis, considering different time intervals, may play an important role on studies
evaluating forest and/or carbon dynamics. By analyzing the ∆CHM and ∆ACD distributions, we
observed two trends. First, a clear distinction between shorter (1 year) and longer time intervals (4 and
6 years). This may be an indication that annual changes in canopy structure were affected by the period
of normalization, showing the sensitivity of the approach when analyzing temporal patterns of forest
dynamics. Second, the distributions for the 6-year time interval were more influenced by the greater
reduction in forested area and canopy height, resulting also in carbon losses (Table 1). Therefore, in
this case, the spread of the distribution seems to be more affected by the biophysical changes rather
than by the normalization method.
Our approach was limited by the availability of repeated LiDAR data acquisitions over the same
study area, which means that our analyses were based on a short time series. Another constraint
of the study was the absence of a reference site over non-disturbed forests with available LiDAR
data acquisition at the same time interval of the HMTF data analysis. However, because our time
series is relatively short (6 years), it is also expected that non-disturbed forests have stable carbon
dynamics over this short period of time [60]. Further studies should therefore consider control sites and
HMTFs at longer time series and larger areas than those studied here. In spite of these limitations, our
multi-temporal LiDAR acquisitions provide a more comprehensive study of temporal forest changes
than many conventional field-based approaches, which often focus on just two time points. The
analysis of long-term trends derived from annual change estimates is more robust than approaches
based on just two time points, even when the time interval is long, given the uncertainty inherent in all
estimates. The utility of multi-temporal LiDAR data for monitoring forest ecosystems provide unique
opportunities for measuring forest dynamics over time [61,62]. We hope to extend this study using
the new Global Ecosystem Dynamics Investigation (GEDI), which will produce high-resolution laser
ranging observations of the 3D structure over tropical ecosystems.
4.3. Implications of Persistent Carbon Loss in HMTFs
In this study, we described a robust method using multi-temporal and high-spatial resolution
airborne LiDAR data to monitor changes in canopy height and, therefore, aboveground forest carbon
stocks. Although more studies of forest dynamics in HMTF are necessary to reduce the current
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remaining uncertainties in the carbon cycle, our results highlight the persistent effects of carbon losses
likely related to processes of tree mortality. Our results demonstrate that high-resolution LiDAR data
can be used to assess forest dynamics in HMTFs. The time-series approach allows the calculations of
annual growth rates and gains and losses in carbon storage [3], which is key to increase the accuracy of
current Earth System Models (ESM) and the projections of future climate scenarios.
Persistent carbon losses driven by tree mortality have been reported over forest regions
worldwide [63–67]. In this study, we considered the balance of changes in height and carbon in
the HMTF of the Brazilian Amazon. Our results showed unambiguous losses of carbon stocks and
canopy height. The patch of HMTF we have studied intensively is therefore likely a source of carbon
when carbon stocks are concerned. This suggests that this area is suffering from persistent carbon
losses associated with decreasing tree canopy height.
Our multi-temporal approach using ALS data reveals important changes in forest structure and
dynamics: (i) increases (gains) and decreases (losses) of tree canopy height suggest that the balance
of ∆CHM is small but negative (i.e., a loss), ranging from −0.50 to −0.77 m·yr−1; and (ii) the ∆ACD
balance is large and also negative, ranging from −1.20 to −2.00 Mg·C·ha−1·yr−1 (Table 1). The reduction
in canopy height found over all time intervals demonstrates a direct effect on the structure of the forest.
This pattern was also found in the net carbon analysis, demonstrating persistent carbon losses from
the HMTF studied here.
These results have direct implications for the study of tropical carbon emission scenarios in global
carbon cycle, since forest loss and forest degradation result in additional carbon emissions being
responsible for about 10% of all anthropogenic carbon emissions [68]. One important aspect is to
understand how tree mortality processes occur in different tropical regions. Our results for the HMTF
in Tapajos showed that most trees in canopies between 21 and 25 m in height were more affected by
canopy height losses of up to 10 m (Figure 5). This class of trees was an important contributor to the
carbon dynamics across the entire HMTF site, affecting ≈48% of the area. Understanding the impacts
of forest losses derived from forest disturbances is essential to better comprehend the carbon cycle in
the tropics. This will require improved monitoring, quantitative analysis, and scenario modeling over
areas that are or have been exposed to disturbances.
The drivers leading to persistent carbon losses in forested regions are still poorly understood.
Climate change and associated increases in disturbances, such as droughts, insect outbreaks, and
fires [12,69,70], have also been pointed out as contributors to the carbon losses in forested regions.
From 2015 to 2016, the HMTF studied here was affected by widespread fires, as consequence of a
strong El Nino event that lead to extreme drought over the region [20,71]. The drought and related fires
may have been the major disturbance that affected the area and contributed to the reduction of forest
cover between 2016 and 2018 (Figure 2). While there is extensive literature on the relationship between
drought and tree mortality in the Amazon [72–74], the timing of mortality response to drought is still
uncertain [20]. The occurrence of fires over the area could also explain the significant decrease of CHM
observed in 2018 when compared with the other years (Figure 2). Reduction in forest biomass caused
by fires can have persistent effects and enhance mortality rates of all trees [71,75]. Many studies have
investigated the vulnerability of tropical forests to fire (Barlow et al., 2003, Silva et al., 2018), showing
that the baseline of fire impacts is related with impoverishment of large areas of forests. This leads to a
rapid collapse of old-growth trees [60]. Areas affected by fires may also promote the development of
secondary successions and the widespread of pioneer species, which could explain the increase in the
density of small trees (<10 m) in 2018 compared to previous years (Figure 2). The drought-mortality
response can be also species-specific. Trees with lower water use efficiency are particularly prone to
drought-induced mortality (e.g., [11,76]). As this is a trait largely present in pioneer species, which are
in great abundance over disturbed forests, the HMTF may be more exposed and vulnerable to fires
and drought-induced mortality than preserved areas, directly affecting the resilience of these forests.
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5. Conclusions
The findings presented here showed persistent carbon losses (negative carbon budget) in the HMTF
of eastern Amazon. These losses are likely related to effects of forest disturbances and tree mortality
on forest recovery rates. This has a direct implication on the discussion whether human-modified
tropical forests are likely to become a source rather than a sink of carbon, contributing to exacerbate
anthropogenic climate change. An approach is described here to show how multi-temporal and
high-spatial resolution LiDAR data acquisitions can be used to measure forest dynamics. This
quantitative evidence raises concerns that the effects of canopy height losses on the carbon stocks of
HMTF are in fact larger than previously thought. As forest loss is responsible for about 10% of the total
anthropogenic greenhouse gas emissions, and HMTFs are likely to expand across the Amazon biome
in the near future, such carbon source conditions, directly associated with disturbances and forest
degradation, may be essential when considering climate projections and carbon accounting methods.
Our results showed that multi-temporal LiDAR data provided valuable information to obtain
annual growth rates, gains, and losses in carbon stocks across a large patch of HMTF (≈670 ha). The
rates of change in tree height varied between −0.41 and −1.39 m·yr−1, leading to a carbon source of
−1.48 Mg·C·ha−1·yr−1 for this site of HMTF. We concluded also that the effects from different time
intervals could play an important role on the evaluation of carbon dynamics. This is especially
important when considering LiDAR imaging over small areas, such as those from aerial surveys. While
long sampling intervals (e.g., 6 years) can miss tree fall gaps and other disturbances (including tree
mortality), short sampling intervals can overlook the important contribution of forest regeneration on
the carbon dynamics.
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